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Abstract
Title: Effectiveness of skeletonization and motion monitoring on airport security
Author: Haoruo Fu
Advisor: William Rankin, Ph.D.
The screening processes at airports, including passengers and baggage, have
changed dramatically in the past twenty years. The goal of the X-ray scanning is to
enhance airport screening by preventing passengers from carrying weapons and
contraband. X-ray is more effective compared to traditional pat-down. The X-ray
shoots beams through passengers and their baggage, which provides an inner view
to the Transportation Security Administration (TSA) screeners. Issues and concerns
of the use of X-ray have also been raised, as some passengers complained about
possible health issues due to the body exposure of radioactive waves; other experts
pointed out possible human factor errors between X-ray scanning and TSA
screeners. Artificial intelligence (AI) has been used in various areas and includes
surveillance monitoring. Facial recognition assists employees to identify other
individuals based on their facial characteristics; and motion monitoring
(skeletonization) assists doctors to track patients’ gestures and provides a
precautionary warning. The purpose of this paper was to investigate the problem as
to whether security screening devices that incorporate skeletonization and AI have
a higher detection rate in detecting absconders and contraband than traditional
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checkpoints without these technologies. The results of the study suggested that
airport security checkpoint screening devices incorporating skeletonization and AI
had a different detection rate in detecting absconders and contraband as compared
to traditional technologies that do not incorporate skeletonization and AI. However,
there were no conclusive results that these checkpoints had a higher detection rate
in detecting absconders and contraband as compared to traditional technologies that
do not incorporate skeletonization and AI.
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Chapter 1
Introduction
1.1. Problem Statement
With the development of checkpoint screening technologies, air travel has
become one of the safest ways to travel for leisure and business purposes.
Checkpoint security plays an essential role in aviation. Security features have
changed significantly in the past twenty years to prevent terror attacks and mitigate
possible threats. The implementation of the full-body scanner and pat-down
procedures enhances security but have caused some health and ethical complaints.
International passengers who are required to pass through security checkpoints and
customs and border controls often complain about additional issues such as long
queuing times (Marchand, 2016). Artificial intelligence (AI) is used in many
technologies of daily life. Nowadays, airports and aviation organizations around the
world seek to implement AI into airport screening systems, which can detect
potential absconders and contraband in baggage being processed through security
checkpoints, and provide real-time queuing statistics (Kl, 2019). Some airports
have integrated AI, such as facial recognition into their surveillance camera
systems to help law enforcement detect threats; other airports have integrated AI to
detect individual’s poses and skeletonizations while they wait in line or around the
terminal. Skeletonization with AI detects an individuals’ gestures and analyzes
their motions while they are walking (acting) in a designated area. Although X-ray
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scanning is still the main component of the airport screening system for searching
passengers’ items; facial recognition and skeletonization may be used together to
detect suspect items. These observations have raised the question: Do security
checkpoints at the U.S. airports with skeletonization and AI have a higher detection
rate in detecting absconders and contraband?

1.2. Purpose Statement
The purpose of this paper was to investigate the problem as to whether
security screening devices that incorporate skeletonization and AI have a higher
detection rate in detecting absconders and contraband than traditional checkpoints
without these technologies.

1.3. Operational Definition
In the context of the current study, artificial intelligence is defined as
“building a smart machine that is capable of performing tasks that require human
intelligence”. (Töre, 2020, para. 2). Traditional screening strategies are defined as
“strategies implemented in the past twenty years, such as surveillance cameras, Xray scanning, and pat-down” (Parks, 2009, pp. 163 - 164). In this study, threats and
violations are defined as “absconders and contraband”. An absconder is defined as
a “fugitive, escapee, or one fleeing from law enforcement”, and contraband is
defined as “illicit imported or exported possessions prohibited by law” (Singh &
Singh, 2003, p. 33). Skeletonization is defined as a process for reducing foreground
regions in images to skeletal remnants that largely preserves the extent and
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connectivity of the original region while throwing away most of the original
foreground pixels (Fisher et al., 2003).

1.4. Research Question and Hypotheses
The research question that guides this study is the following:
Do checkpoint screening devices that use skeletonization and AI have a
higher detection rate in detecting absconders and contraband than traditional
checkpoint screening devices without these technologies?

Null Hypothesis
𝑯𝟎 : Airport checkpoint screening devices that incorporate skeletonization
and AI have the same detection rate in detecting absconders and contraband
compared to traditional checkpoint screening devices without these technologies.

Alternative Hypothesis
𝑯𝟏 : Airport checkpoint screening devices that incorporate skeletonization
and AI have a different detection rate in detecting absconders and contraband
compared to traditional checkpoint screening devices without these technologies.

1.5. Significance of the Study
This study is significant because no other studies have focused on the
effects of airport screening devices with skeletonization and AI. The review of
literature shows that skeletonization and AI have been tested in various ways,
including facial expression, hand gesture, and whole-body monitoring. However,
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most of the motion and pose monitoring have been used for medical purposes, such
as tracking patients’ gesture and sending warnings to nurses that patients might
have had a stroke or might have fallen off the bed. Airport checkpoints have
implemented many enhanced surveillance and screening technologies. However,
most of these technologies search for criminal suspects and contraband rather than
analyze passengers’ motions to predict whether they are absconders or contraband.
Only a small number of airports around the world have equipped surveillance and
screening systems with skeletonization and AI.

1.6. Assumption, and Limitations
This study assumed that there is a relationship between implementing
skeletonization and AI in airport surveillance and screening systems and assisting
screeners in finding absconders and contraband. This study is also limited to one
airport (Newark Liberty International Airport) that has implemented skeletonization
and AI into its airport checkpoint screening devices.
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Chapter 2
Literature Review
2.1. Introduction
After the attack on September 11, 2001, airport security in the United States
changed dramatically. Due to the weaknesses of the entire aviation security system,
the United States Congress responded by passing the Aviation and Transportation
Security Act (ATSA) of 2001 and established the Transportation Security
Administration (TSA) in 2001 and recognizing the TSA to be under the United
States Department of Homeland Security (DHS) in 2003. Congress’s goal was to
improve national security by focusing on aviation security and the screening
processes.
Employees hired by the TSA must go through specific training including
the ability to handle emergencies, medical situations, as well as screening (TSA,
2016). Screening, including both individuals and their belongings, is the primary
mission of TSA. TSA officers screen passengers and flight crews by using
biometric scanning for their identities and X-rays for their bodies and belongings
(Heindel, 2018). Packages require scanning using X-rays, explosive, drug, and
liquid detection among others before aboard the flight. A number of new scanning
methods have been incorporated into the security screening process. While some
technologies assist TSA officers in identifying individuals, others assist TSA in
detecting contraband. Unlike other industries with highly-developed autonomous
5

equipment, humans still play an important role during those processes, even though
the security systems have been upgraded. For example, the implementation of AI
devices such as surveillance cameras equipped with facial recognition helps law
enforcement identify suspects faster. The enhanced full-body scanner detects
prohibited items on an individual’s body without showing the exact sensitive part.
With all the improved technologies, the human is still the factor that determines the
final decision of detecting absconders and contraband.
Nowadays, most human screenings and baggage screenings in the airport
occurs at the security checkpoints. While the passengers and crews wait in line,
airports deploy other law enforcement personnel to help detect contraband. Canine
deployment squads release dogs to sniff and detect for illegal items such as drugs
and explosives. Compared to enhanced technologies, less airport area is covered
using such traditional screening systems. Law enforcement officers guide canines
through the lines to sniff passengers, crews and their baggage; and enhanced
technology helps detect more expansive areas at the same time.

2.2. X-ray Imaging for Airport Security
Millions of people travel by air, and to hand-search every single person and
piece of luggage of all daily flight is impossible. Radiation-based techniques such
as the X-ray and pulsed-fast neutron analysis (PFNA) have been used since
September 11. The old electromagnetic detector was inefficient and unable to
detect harmful contraband that had little or no metallic materials. While an
electromagnetic detector sends a signal when it detects metals, X-rays and PFNA
6

scan all types of materials and display them in different colors. Airports around the
world now use X-ray line scanning for carry-on luggage, which continuously scans
baggage placed on a conveyor belt. Compared to old hand-searching, X-ray line
scanning not only provides a better view of the content of items in the baggage, but
also reduces the scanning time substantively. However, some of the scanners are
single-way, which means that the beam shoots through baggage at one static energy
level. Implementing single-way scanning has some disadvantages. Walter et al.
(2004) explained that X-ray absorption in a material is energy-independent,
meaning that even X-rays penetrate materials. Some specific materials look the
same under one energy level. Thus, to classify different items using a single-way
X-ray is hard if distinguishing the items require different energy levels. The best
way to resolve this issue is to use X-rays with different energies. A gun that is
covered or situated near highly absorbent materials is hard to detect. For example,
if a harmless metal pad covers a plastic gun, the pad can mislead scanners into
determining that no weapon is inside the bag. The best solution is to add another Xray source at a different angle and shoot with various energy levels. While the
luggage is placed on a linear belt and passes through detectors, one beam shoots
from the top of the baggage, another through the bottom, and yet another beam
shoots through the side of the luggage from a 90-degree angle. Additionally,
detecting explosives is hard if they are in sheet (paper bomb) form because X-rays
provide only 2D images. Items that are too thin are hard to scan. One of the best
solutions for thin items is to use the cone beam computerized tomography (CBCT),

7

which shoots through the items and analyzes the shapes in a 3D format; the CBCT
also synchronizes with X-rays and analyzes the types of materials contained in
these items (Zentai, 2010).
For passenger scanning, Compton backscatter X-ray imaging provides
lower doses of energy passing through the passengers’ bodies, compared to X-rays
used in scanning luggage (Brown, 2008). With the reduced doses, passengers still
complain possible about health issues due to the full-body scanners’ radioactive
exposure. In addition, the images shown by the X-ray scanners make the
passengers look nearly naked, raising ethical issues. While the TSA filed a report
showing that full-body scanning is mandatory, many airports in the United States
are switching passenger X-ray scanning to millimeter-wave machines, which
bounce electromagnetic waves off passengers to provide animated images and
show the location of suspicious items. In addition, passengers can usually request a
pat-down to avoid the full-body scanner (Jansen, 2016).

2.3. Human Operator and Human Factor
As X-rays shoot beams through items, the images on the screen are more
transparent than people actually see. A folded knife is easily identified in reality,
but when the folded knife is placed under the X-ray scanner, the beam passes
through the item and makes the plastic hilt look transparent. Screeners can only see
a sharp metallic object connected to a spring. In the scanner, a laptop appears to be
a plate with electric wires, chips, discs, and fans, making difficult classification of
the object as a bomb or safe item (Schwaninger et al., 2005). The first difference
8

between looking through the X-ray machine and the real world is the color of an
object. Brown and black ground coffee powders, for example are present in a
lighter color through the X-ray, and white cocaine is presented in blue. The color of
metallic items such as knives usually appear silver but present a darker color
through the X-ray. Other items such as fiber and cotton cloths are usually presented
in light-yellow colors, no matter what the visual colors are. In addition, if the
viewing angles are different, identification of the items through X-rays is hard. The
easiest way to distinguish an item is from its sideview. TSA finds identification
difficult if the beam from an X-ray passes through an item from its front. Figure 1
(Koller et al., 2008) shows that the TSA officers easily identify the pistol if viewing
the item from its side, but identification takes extra time from the front or back

Figure 1: Pistol Viewpoint
Note: By Koller et al., 2008, pistol X-ray scanning screenshot
view. Moreover, due to the complexity of the package, a prohibited item is easily
missed if mixed with another article. Passengers around the world usually carry
many items while they travel, and most of the luggage contain more than one item.
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Large differences exist between people with security operators to aptitudes
and abilities needed in security screening. Some new employees may be using the
X-ray for the first time while others have background knowledge and experience
related to airport screening. To solve the problems related to item identification,
viewpoints, and mixed items of screening, Schwaninger (2006) listed four majors
processes for the pre-employment assessment procedure of TSA and European
Screening employees. The first step of the pre-employment assessment procedure is
taking Selection Tests. During the Selection Test, the TSA provides images of
items under X-ray scanning from different angles. Prospective employees need to
be able to identify prohibited items in passenger baggage. Performance could be
increased substantially if reliable and valid Selection Tests are used.
The second step is the Computer-Based Training (CBT). CBT is one of the
most essential parts of the assessment procedure and helps provide training to assist
in the visual detection of contraband, including visual cognition and object
recognition. Previous studies by Graf et al. (2002) showed that people only
recognize an object if it is similar to one they have seen before. People can only
identify an apple if they have seen an apple before. CBT gives screener’s
experience identifying unusual objects, such as heroin made similar to patients’
daily pills. In addition to CBT, training may include training of X-ray Object
Recognition Test (X-ray ORT), which is a comprehensive test that combines the
Selection Test and the CBT, but is more focused on identifying objects through Xrays. Studies made by Schwaninger and Hofer (2004) have shown that screeners
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with one-year screening experience who passed the X-ray ORT training, performed
significantly better than screeners who had several years of experience, but had not
taken the X-ray ORT training. Participants who took the X-ray ORT training
reacted 4 to 8 seconds faster than screeners who had experience but did not take the
X-ray ORT training.
For the third step, Threat Image Projection (TIP) is a technology that allows
the projection of fictional threat items (FTIs) on the X-ray images of real passenger
bags while screening at the security checkpoint. TIP provides feedbacks to
screeners to assist them on what might have been missed or hit in the screening
process. Newer generations of TIP combine traditional TIP with warning
technology, which provides alertness to the screeners and CBT; to make the
training more efficient. For the last step, practical tests are also important as they
can help screeners to learn how to react appropriately when they are exposed to real
threats at the checkpoint, such as weapons, bombs, and chemicals.

2.4. Visual Search
Visual search, known as the ability to locate a target among distractors, is a
fundamental part of professional performance in many job careers including
radiology, airport security, and lifeguarding. The people who perform the searches
play an essential role during visual searches and can be a significant source of
errors in search process. While searchers look for specific items on a person,
usually more than one distractor is near the object a searcher seeks. For example,
lifeguards are required to identify people drowned by a flood, and usually various
11

objects not related to the search and rescue, such as floating furniture nearby are
overlooked. While TSA screeners look for bombs in packages, many other objects
distract them, such as laptops and cellphone chargers. Looking for more than one
targeted item such as guns and drugs at the same time, leads to more screening
errors. If screeners find an illegal item in a passenger’s baggage, they are less likely
to find additional illegal items in the same bag (Menneer et al., 2007). When
screeners find a water bottle in an X-ray image of a carry-on bag, they are more
likely to terminate the searching process and could miss additional contraband.
Screeners usually cannot predetermine the numbers and types of items in violation
the of rules, because contrabandists do not notify TSA screeners about the extent
illegal items carried in their bags. Previous studies by Biggs et al. (2015) showed
that approximately 15 % of multiple-target visual search errors were made across
millions of trials in European airports.
For the multiple-target visual search errors in baggage scanning, Mitroff et
al. (2015) stated that “one of the easiest ways to reduce the errors such as missing
contraband, is to call for a physical search once the screeners find one contraband
item” (p. 126). The screeners’ initial objective is reduced to finding only one target
(contraband), which decreases the workload. Simultaneously, searching is another
way to solve the multiple-target visual search errors. For example, one screener can
search for metallic contraband such as guns or knives while another screener can
search for other contraband such as drugs.
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2.5. 2D/3D Skeletonization
2D/3D skeletonization is an image processing technique for reducing
foreground regions in images to skeletal remnants that largely preserves the extent
and connectivity of the original region while throwing away most of the original
foreground pixels. Skeletonization skips redundant foreground pixels such as
clothing and accessories and creates images with skeletal views that provide
researchers a better understanding of body languages. Figure 2 (Nvidia, 2018-2020)
below shows an example of skeletonization that translates humans into lines to
indicate body parts and dots to indicate joints.

Figure 2: 2D Skeleton Pose Estimation
Note. By Nvidia ISAAC 2D Skeleton Pose Estimation, 20182020, Nvidia Corporation
(https://docs.nvidia.com/isaac/isaac/packages/skeleton_pose_esti
mation/doc/2Dskeleton_pose_estimation.html)

2D/3D skeletonization has been tested and used in surveillance monitoring,
such as in airports and other transportation hubs, and in human daily activity
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recognition, such as tracking elders and reminding them to take medicine, drink
water, and eat meals. In machine learning, machines capture people’s gestures,
analyze their actions, perform steps similar to those of human operators, and
identify whether humans performed correctly. Piyathilaka and Kodagoda (2013)
conducted a study to test the accuracy of gesture recognition based on the Gaussian
Mixture Model (GMM) and Hidden Markov Model (HMM). GMM, is a
probabilistic model used to represent normally distributed subpopulations within an
overall population. GMM predicts the locations of subpopulations based on
learning from massive data, without information about the locations. In their study,
the GMM machine indicated what the participants’ gestures meant (classifying
gestures). Similar to the GMM, the HMM is also a probabilistic model, but has
unobservable states. Besides the movements collected by the machine, such as
drinking water and taking a pill, other gestures are not recorded by the machine,
such as peeling a banana and reading a book. The HMM helps researchers
understand the accuracy of gesture recognition if some unrecorded gestures are
mixed with recorded gestures. During the process, HMM was able to identify
recorded gestures from mixed gestures (recorded and unrecorded).
The capturing device used in the experiment was the RGB-D sensor made
by Microsoft Kinect. The letter D in the RGB-D sensor represents depth-sensing,
which means augmenting conventional images and depth information, such as the
distance between objects or the distance between the objects and the camera. After
capturing people’s gestures, Kinect and its processing unit inside the machine
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turned the action images into massive dots and plotted the dots on a 3D position
figure. In the first part of the experiment, Kinect collected participants’ daily
gestures, such as drinking water, talking on the phone, and brushing their teeth. In
the second part, Kinect asked participants to perform gestures similar to those in
the first phase. Kinect did not collect gestures, but instead tried to identify the
gestures from the first part of the experiment to see if any actions in the second part
matched. The machine reported an 84% recalling rate and a 73% precision rate of
the accuracy of pairing actions between the first and second parts of the
experiment. Piyathilaka and Kodagoda (2013) also tested if Kinect could identify
gestures by collecting gestures from participants A, and then pairing actions with
participants B. The machine reported a 78% recalling rate and a 70% precision rate.

2.6. Emotional Recognition
Facial recognition programs have been used in many areas, such as
surveillance and profile identification. Most of the security surveillance systems
implemented with facial recognition were aimed at identifying criminal suspects by
matching their facial details, such as eye color, size, and apparatus location
(distance between mouth and nose). Facial recognition shows how an individual’s
emotional changes by analyzing their expressions. This program is important for
airport screening because people express emotions such as nervousness and anxiety
if they carry contraband.
The Facial Action Coding System (FACS), one of the earliest methods of
characterizing the physical expression of emotions, helps by finding the
15

associations between the action of facial muscles and the changes in facial
appearance. The Action Unit (AU) was established to deal with facial muscular
movement and reactions. AU measures muscular movement in units. Initially, 46
AUs of facial expressions were established,12 on the upper face, 18 on the lower
face, and others on brows, forehead, and eyelids. By analyzing the movement of
AUs, scientists can determine participants’ basic emotions, such as anger, disgust,
fear, happiness, sadness, and surprise (Lemaire et al., 2013).
Enhanced programs such as the Microsoft Face Tracking Software
Development Kit (Face Tracking SDK) tracks 87 two dimensional points and 13
additional points that belong to the corner of the mouth, the center of each eye, and
the center of the nose to provide better analyses of facial expressions. Alabbasi et
al. (2015) have used Kinect equipped with Face Tracking SDK to analyze
participants’ facial expressions, including facial emotions such as happiness and
sadness, and other irregular facial gestures. In this process, Kinect collects images
of the participants’ facial emotions in a database. If participants repeatedly express
the same emotions, Kinect analyzes these expressions and finds matching
emotions. Alabbasi et al. (2015) found that about 96% of the emotions based on the
database. Kinect identified 92% of the expressions of the additional participants
who did not have initial emotion data collection performed. Researchers indicated
that emotional recognition, used in airport screening and security surveillance
systems to identify passengers’ emotions, allows for better identification of facial
gestures and predicts emotions. The study concluded that a larger database with
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multiple ages and ethnicities is needed to make recognition more accurate. Alabbasi
et al. (2015) also recommended that a more expansive database would assist in
emotion recognition of passengers’ origins vary in age and ethnicity.

2.7. Hand Gesture Recognition
Besides human body tracking and emotional recognition, robust hand
gesture recognition is another application of 2D/3D skeletonization. Hand gestures
are smaller than body gestures and more complicated with different meanings than
facial emotions. In other words, most facial emotions more realistically tell what a
person feels, but hand gestures sometimes have deeper meanings. Another
difficulty of hand gesture recognition is that images are usually more sensitive to
lighting conditions and backgrounds. For example, the shadow created by clenched
fists and sleeves can make hand gestures hard to identify due to the nature of
optical sensing. Thus, users of the optical sensor-based methods of gesture
recognition sometimes have difficulties detecting and tracking hands. One way to
solve the error issue is to wear data gloves, which are more reliable in sending
signals to the sensor. However, to ask all the passengers to wear data gloves is
impossible. The 3D-depth cameras such as Microsoft Kinect capture objects’
images from different angles and provides distance measurement between the
sensor (camera) and the objects (Dewaele et al., 2004). Several issues were found
with using Microsoft Kinect to identify hand gestures. Wang et al. (2012) stated
that due to the low resolution, (the Kinect depth camera provides 640- x 480-pixel
images), the Kinect worked well with large objects such as human bodies, but to
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detect and segment a small object, such as a hand from an image with this
resolution, was difficult. Ren et al. (2013) developed a novel shape distance metric
called finger-earth mover’s distance (FEMD), which is designated to analyze hand
shapes.
To Test FEMD, Ren et al used traditional earth mover’s distance (EMD) as
an analogy method, which measures the distance between two probability
distributions and calculates the process of moving piles of earth spread around one
set of locations into another set of holes in the same location. In FEMD, the
program first locates the center of the palm, detects all five fingers on each hand,
then marks current finger locations as standard hand gesture distributions. Then,
researchers collected new hand gesture datasets using a Kinect sensor, including
subject poses with variations in hand orientation, scale, and articulation. The results
showed that the FEMD with the Kinect sensor, detected 93% of the gestures.
Researchers also pointed out that most of the unidentified poses were due to the
mis-detection of the thumb and little finger. Sometimes, the sensor mixed the
thumb and little finger, which caused the sensor to be unable to identify some of
the poses. Researchers also pointed out that the program's reaction time was fast,
with an average running time of 4 seconds for the machine to identify hand poses.

2.8 Conclusion
Through the process of reviewing the existing literature, this chapter
examined the concepts behind the airport security checkpoint screening process,
and the development and the use of AI and skeletonization in various areas. A
18

review of the literature revealed that the airport security checkpoint screening
process has been developed tremendously through the past twenty years in both
hardware and regulatory side. On the other side, skeletonization and AI has been
used widely in medical and research areas, but it has not been implemented in
airport for security purposes. The present study aimed to provide a better
understanding of how will skeletonization and AI assist at the airport security
checkpoint screening process.
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Chapter 3
Methodology
3.1 Introduction
This study was conducted to find whether security screening devices that
incorporate skeletonization and AI have a different detection rate in detecting
absconders and contraband, and does a difference in rate, if any, indicates that
checkpoint screening devices with skeletonization and AI are more effective.
Chapter 3 includes the research design and approach, type of study, study
population sampling, and data acquisition. In addition to methodology, Chapter 3
also describes the methods that are used for data analysis, including descriptive and
inferential statistics.

3.2 Research Design and Approach
The purpose of this paper was to investigate whether checkpoint screening
devices that use skeletonization and AI have a higher detection rate in detecting
absconders and contraband than traditional checkpoint screening devices without
these technologies. The research methodology used for this study is a quantitative
ex-post facto research design.
As mentioned in Chapter 1, the research question and hypothesis are as
follows:
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Research Question
RQ:
Do checkpoint screening devices that use skeletonization and AI have a higher
detection rate in detecting absconders and contraband than traditional checkpoint
screening devices without these technologies?

Null Hypothesis
𝑯𝟎 : Airport checkpoint screening devices that incorporate skeletonization
and AI have the same detection rate in detecting absconders and contraband
compared to traditional checkpoint screening devices without these technologies.

Alternative Hypothesis
𝑯𝟏 : Airport checkpoint screening devices that incorporate skeletonization
and AI have a different detection rate in detecting absconders and contraband
compared to traditional checkpoint screening devices without these technologies.

3.3 Study Population
For purposes of this research, the study population was Newark Liberty
International Airport (KEWR) in New Jersey, a major airport in the New York
metropolitan area. In addition, KEWR was one of the first airports to use Microsoft
Kinect as a surveillance system at the TSA checkpoint in Terminal C. As a
comparison, Terminal A and Terminal B do not use Kinect at the TSA checkpoint
currently. This study analyzed the rate of detection of absconders and contraband
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between Terminals A (no Kinect), B (no Kinect), and C (with Kinect). The
sampling strategy was cluster random sampling. The unit of selection was based on
the monthly passengers. For example, the number of monthly passengers passing
through each terminal and the number of absconders or contrabandists will be
counted, and then the efficiency of using Kinect was determined.

3.4 Power Analysis
The sample size of this study was based on power analysis. A set of α = .05
is proper for reducing Type I errors. Setting a power of a minimum of .80 is
appropriate for this study of finding true effect that exist both in sample and the
corresponding population. After determining the sample size using G*Power, an
additional 100 to 200 samples was added in case some of the original data are
missing.

Figure 3: G*Power Result
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Figure 3 above showed the minimum sample size to be a total of 88 at effect
size = 0.3 (medium), α level = .05, a minimum power = .80 with degrees of
freedom (Df) = 1.

3.5 Independent Variable
This study used one independent variable with two categories. Both
categories include traditional screening technologies, such as surveillance cameras,
X-ray scanning, and pat-down. The first category was the security checkpoint
without additional skeletonization and AI screening. The second category was the
security checkpoint with skeletonization and AI screening.

3.6 Dependent Variable
The dependent variable in this study was the rate of detecting absconders
and contraband at the Newark Liberty International Airport checkpoint.

3.7 Data Analysis
For this study, data was collected from the Bureau of Transportation
Statistics (BTS) division of the United States Department of Transportation (DOT)
and Airports Council International (ACI) North America. The National
Transportation Library (NTL), a division of the BTS provides access to
transportation-related research, freight activity, transportation economics, reports,
data, and reference services (BTS, 2019). ACI, established in 1991, is a global
trade organization of the world’s airports, publishes monthly and annual data of
airports around the world (ACI, 2020). For data validity, BTS psychometricians
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validate data with the governmental agencies such as the Department of
Transportation before the data was published on the BTS website. Similar to the
data from the BTS, ACI publishes its data after confirming with government and
international organizations such as the International Civil Aviation Organization
(ICAO).

Descriptive Statistics
Descriptive statistics included the number of monthly passengers traveling
through Newark Liberty International Airport, the number of passengers traveling
through each terminal, and the passengers’ ethnicity and age (demographical data).
The number of absconders and contraband detected at the security checkpoint was
collected. The rate of absconders and contraband detected at the security
checkpoints over the total number of passengers was calculated. The mean and the
standard deviation of two scenarios described in section 3.3, with and without
skeletonization and AI screening, was analyzed.

Inferential Statistics
Inferential statistics were used to calculate the Chi-Square test of
independence and will be used to determine if the rate of detecting absconders and
contraband with skeletonization and AI screening is significantly different than
screening without skeletonization and AI technologies.
The Chi-Square test of independence test was conducted using IBM SPSS.
The significance was reported at α = .05 level. The following equation was used to
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determine if there is a statistically significant difference between terminals security
checkpoints with and without skeletonization and AI technologies:
(𝑓𝑜 − 𝑓𝑒 )2
]
𝜒2 = [
𝑓𝑒
Where:
𝜒 2 = 𝐶ℎ𝑖 − 𝑆𝑞𝑢𝑎𝑟𝑒 𝑔𝑜𝑜𝑑𝑛𝑒𝑠𝑠 𝑜𝑓 𝑓𝑖𝑡
𝑓𝑜 = 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 = 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑐𝑜𝑛𝑡𝑟𝑎𝑏𝑎𝑛𝑑 𝑎𝑛𝑑 𝑎𝑏𝑠𝑐𝑜𝑛𝑑𝑒𝑟𝑠
𝑓𝑒 = 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 = 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑐𝑜𝑛𝑡𝑟𝑎𝑏𝑎𝑛𝑑 𝑎𝑛𝑑 𝑎𝑏𝑠𝑐𝑜𝑛𝑑𝑒𝑟𝑠
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Chapter 4
Results
4.1 Introduction
This chapter provided an overview of the results and the findings of the
usability of the checkpoint screening devices incorporated with skeletonization and
AI on detecting absconders and contraband. As reported in chapter 3, the research
methodology for this study was the Chi-Square test of independence test. The ChiSquare test of independence test is a statistical hypothesis test used to determine
whether a variable is likely to come from a specified distribution or not.
In phase one, the descriptive statistical analysis was used to complement the
quantitative analysis and to visualize the result of the data collected. Graphical
descriptions were used to help researchers to analyze the data. Phase one also
included the demographic factors to assist in the interpretation of the data.
In phase two, the Chi-Square test of independence was performed to examine
whether security screening devices that incorporate skeletonization and AI have a
different detection rate in detecting absconders and contraband than traditional
checkpoints without these technologies.
Below are the research questions and hypotheses tested:
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RQ: Do checkpoint screening devices that use skeletonization and AI have
a higher detection rate in detecting absconders and contraband than traditional
checkpoint screening devices without these technologies?

Null Hypothesis
𝑯𝟎 : Airport checkpoint screening devices that incorporate skeletonization
and AI have the same detection rate in detecting absconders and contraband as
compared to traditional checkpoint screening devices without these technologies.

Alternative Hypothesis
𝑯𝟏 : Airport checkpoint screening devices that incorporate skeletonization
and AI have the different detection rate in detecting absconders and contraband as
compared to traditional checkpoint screening devices without these technologies.

4.2 Descriptive Statistics
This research used a sample size of two calendar years (2018,2019, total of
24 months). Starting from July 2019, the Terminal C of the Newark Airport was
outfitted to use the Kinect at the security screening checkpoint. The data of 2020
was excluded due to the Covid-19 pandemic. Starting from March 2020, both the
domestic and the international air travel decreased dramatically due to the
restriction of the global pandemic. The data collected from each month of 2018 and
2019 were completed and validated by the Port Authority of New York and New
Jersey (PANYNJ).
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Table 1 shows the demographic data of passengers traveling through
Newark Airport. There were total of 45,850,147 passengers traveled through the
airport in 2018. As a comparison, there were total of 46,261,219 passengers
traveled through the airport in 2019. From 2018 to 2019, there were no significant
changes in passengers’ demographics. In 2019, business passenger percentage
decreased 0.1%, there was also a 1% increment in the percentage of passengers that
set Newark Airport as their local origin or destination.
Table 1: Newark Liberty International Airport Passenger Demographic 2018,
2019
Factor
Passenger Traveling Type

2019
Passengers

Percent

2018
Passengers

Percent

Business

12,305,484

26.60%

12,241,989

26.70%

Leisure/Other

33,955,735

73.40%

33,608,158

73.30%

Male

21,048,045

45.50%

20,999,367

45.80%

Female

25,166,104

54.40%

24,850,780

54.20%

Average Age

43

Gender
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Local Origin & Destination 35,297,310

76.30%

34,525,641

75.30%

Connecting Passengers

10,963,909

23.70%

11,324,986

24.70%

32,002,245

75.28%

31,736,417

74.44%

22.30%

14,113,729

22.67%

2.42%

131,131

2.86%

Flight Type
Domestic
International
General Aviation

14,258,974
111,950
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Table 2 illustrated the descriptive statistics for the Newark airport monthly
passenger comparison between 2018 and 2019.
There were a total of 45,850,147 passengers at Newark airport in 2018, and
a total of 46,261,219 passengers at the airport in 2019. The total passengers at
Newark Airport in 2018 were distributed from a minimum monthly passenger of
3,093,677 (February) to a maximum monthly passenger of 4,281,169 (July) with a
mean of 3,820,845.58 (SD = 370,061.91). For domestic passengers in 2018, the
minimum monthly passenger was 2,192,968 (February) and the maximum monthly
passenger was 2,883,584 (May) with a mean of 2,644,701.42 (SD = 233,485.24).
For international passengers, the minimum monthly passenger was 900,709
(February) and the maximum monthly passenger was 1,417,244 (July) with a mean
of 1,176,155.67 (SD = 155,828.97).
The total passengers at Newark Airport in 2019 were distributed from a
minimum monthly passenger of 3,096,576 (February) to a maximum monthly
passenger of 4,260,566 (August) with a mean of 3,855101.58 (SD = 336,007.63).
For domestic passengers in 2019, the minimum monthly passenger was 2,181,667
(February) and the maximum monthly passenger was 2,857,174 (December) with a
mean of 2,666,853.75 (SD = 219,688.96). For international passengers, the
minimum monthly passenger was 914,909 (February) and the maximum monthly
passenger was 1,424,981 (August) with a mean of 1,188,247.83 (SD = 147,570.88).
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Table 2: Newark Liberty International Airport Monthly Passengers 2018,
2019
Factor
2018

N

Total

12

Domestic
International

M

SD

Min

Max

3,820,845.58 370,061.91

3,093,677

4281169

12

2,644,701.42 233,485.24

2,192,968

2883584

12

1,176,144.18 155,828.97

901,709

1,417,244

Total

12

3,855,101.58 336,007.63

3,096,576

4,260,566

Domestic

12

2,666,853.75 219,688.96

2,181,667

2,85,7174

International

12

1,188,247.83 147,570.88

914,909

1,424,981

2019
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2018 Newark Liberty International Airport Passengers
by Month
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Figure 4: 2018 Newark Liberty International Airport Passengers by Month
Figure 4 illustrated the number of passengers, including the passengers’
type (domestic and international) screened at Newark airport in 2018. As
illustrated, Newark airport has the most passengers during the summertime, and has
the least passengers during the wintertime except for December, which could be
due to the Christmas holidays.
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2019 Newark Liberty International Airport Passengers
by Month
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Figure 5: 2019 Newark Liberty International Airport passengers by Month
Figure 5 illustrated the number of passengers, including the passengers’
type (domestic and international) screened at Newark airport in 2019. Similar to
2018, Newark airport has the most passengers during the summertime and the least
passengers during the wintertime.
Table 3 illustrated the 2018 and 2019 passengers going through terminals
by month.
For 2018, The passengers went through Terminal A were distributed from a
minimum of 901,9678 to a maximum of 954,601 with a mean of 922,912.75 (SD =
19,498.95). The passengers went through Terminal B were distributed from a
minimum of 784,787 to a maximum of 853,300, with a mean of 824,490.92 (SD =
23,523.29). The passengers went through Terminal C were distributed from a
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minimum of 2,028,241 to a maximum of 2,155,461, with a mean of 2,095,098.50
(SD = 39,222.91).
For 2019, the total number of passengers went through Terminal A were
distributed from a minimum of 840,463 to a maximum of 890,523 with a mean of
867,011.75 (SD = 14,806.57). The passengers went through Terminal B were
distributed from a minimum of 821,425 to a maximum of 901,295, with a mean of
859,896.33 (SD = 24,600.50). The passengers went through Terminal C were
distributed from a minimum of 2,003,098 to a maximum of 2,218,004, with a mean
of 2,134,462.92 (SD = 56,833.12). Terminal C had the most passengers traveled
through in both 2018 and 2019 calendar years (25,141,189 passengers in 2018 and
25,613,555 passengers in 2019). There was an increment of 469,725 passengers
traveled through terminals B in 2019 compared to the 2018 calendar year. There
was an increment of 472,366 passengers traveled through terminal C in 2019
compared to the 2018 calendar year. Terminal A had a decrement of 670,814
passengers in 2019 as compared to 2018 calendar year.
Table 3: Newark Liberty International Airport Terminal Monthly Passengers
2018, 2019
Factor
2018

N

M

SD

Min

Max

Terminal A

12

922,912.75

18,498.95

901,267

954,601

Terminal B

12

824,490.92

23,523.29

784,787

853,330

Terminal C

12

2,095,098.50

37,222.91

2,028,241

2,155,461

2019
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Terminal A

12

867,011.75

14,806.57

840,463

890,523

Terminal B

12

859,896.33

24,600.50

821,425

901,295

Terminal C

12

2,134,462.92

56,833.12

2,003,098

2,218,004

Note: PANYNJ indicated that some passengers may travel in multiple terminals,
this would cause data for each terminal different than annual data.
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Monthly Passengers by Terminals 2018
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Figure 6: Monthly Passengers by Terminal 2018
Figure 6 presented the monthly passengers by each terminal in 2018. As
presented, Terminal A had the most passenger in August and had the least
passenger in February. Terminal B had the most passenger in August and had the
least passenger in January. Terminal C had the most passenger in April and the
least passenger in October.
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Monthly Passengers by Terminals 2019
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Figure 7: Monthly Passengers by Terminals 2019
Figure 7 presented the monthly passengers by each terminal in 2019.
Despite the total increment of passengers in 2019 compared to 2018, the maximum
and the minimum monthly passenger for each terminal were different. Terminal A
had the most passenger in August and has the least passenger in January. Terminal
B had the most passenger in May and has the least passenger in October. Terminal
C had the most passenger in May and the least passenger in January.
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Table 4: 2018, 2019 Newark Liberty International Airport Passenger Denied
by Each Terminal
Factor
2018

N

M

SD

Min

Max

Terminal A

12

376.83

61.44

289

476

Terminal B

12

331.50

77.57

221

476

Terminal C

12

814.58

102.38

663

952

Terminal A

12

565.25

34.40

516

621

Terminal B

12

513.75

31.18

468

569

Terminal C

12

1,201.50

85.00

1076

1301

2019

Table 4 illustrated the 2018 and 2019 monthly passengers denied at each
terminal. In 2018, There were mean of 376.83 passengers denied at Terminal A
(SD = 61.44). 331.50 passengers denied at Terminal B (SD = 77.57), and 814.58
passengers denied at Terminal C (SD = 102.38). For 2019, there were mean of
565.25 passengers denied at
Terminal A (SD = 34.40), 513.75 passengers denied at Terminal B (SD =
31.18), and 1201.50 passengers denied at Terminal C (SD = 58.00).
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Monthly Passenger Denied Each Terminal 2018
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Figure 8: Monthly Passenger Denied Each Terminal 2018
Figure 8 presented the monthly passengers denied by each terminal in 2018.
Terminal A had the minimum passenger denied in January (289), and the maximum
passenger denied in July (476). Terminal B had the minimum passenger denied in
September (221), and the maximum passenger denied in May (476). Terminal C
had the minimum passenger denied in September (663), and the maximum
passenger denied in May (952).
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Monthly Passenger Denied Each Terminal 2019
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Figure 9: Monthly Passenger Denied Each Terminal 2019
Figure 9 presented the monthly passengers denied by each terminal in 2019.
Terminal A had the minimum passenger denied in September (516), and the
maximum passenger denied in March (621). Terminal B had the minimum
passenger denied in September (468), and the maximum passenger denied in
August (569). Terminal C had the minimum passenger denied in February (1,076),
and the maximum passenger denied in August (1,301).
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Monthly Deny Percentage by Each Terminal 2018
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Figure 10: Monthly Deny Percentage by Each Terminal 2018
Figure 10 presented the monthly passenger deny percentage by each
terminal in 2018. Terminal A had the highest deny percentage of 0.0511% in July,
and the lowest deny percentage of 0.0318% in January. Terminal B had the highest
deny percentage of 0.0569% in May and the lowest deny percentage of 0.0264% in
September. Terminal C had the highest deny percentage of 0.0451% in May, and
the lowest deny percentage of 0.0318% in September.
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Monthly Deny Percentage by Each Terminal 2019
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Figure 11: Monthly Deny Percentage by Each Terminal 2019
Figure 11 presented the monthly passenger deny percentage at each terminal
in 2019. Terminal A had the highest deny percentage of 0.0726% in March, and the
lowest deny percentage of 0.0593% in September. Terminal B had the highest deny
percentage of 0.0646% in August and the lowest deny percentage of 0.0564% in
September. Terminal C had the highest deny percentage of 0.0603% in May, and
the lowest deny percentage of 0.0505% in February.
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4.3 Inferential Statistics
The Chi-square test of independence tested the null hypothesis to determine
if there was a significant different between the observed frequency of contraband
and absconder detection, which is after incorporated skeletonization and AI, and
the expected frequency of contraband and absconder detection, which is before the
screening devices incorporates skeletonization and AI.
In the first part of the Chi-square test of independence analysis, the time
period of screening devices did not incorporate skeletonization and AI was selected
from July to December 2018. The time period of screening devices incorporated
skeletonization and AI was selected from July to December 2019. The data from
January to June 2019 was excluded in Chi-square test of independence analysis as
different month in a year may cause incomparability.
For the second part of the Chi-square test of independence analysis, the
passengers passed and denied at each terminal screening checkpoint were
compared. The time period for the Chi-square test of independence between each
terminal was set between July 2019 to December 2019. The Chi-square test of
independence between terminals A, B, and C from July 2019 through December
2019 were compared. The purpose of this part of the Chi-square test was to
determine whether there was a significant difference in detecting absconders and
contraband between terminals with and without skeletonization and AI during the
same period of time. Conducting the Chi-square test by selecting the same period
for terminals A, B, and C mitigates the historical threats. A historical effect could
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exist if two sample time periods are different. In one of the sample time periods,
specific events could happen, providing inaccurate results while comparing the
result from another sample time period.
For the inferential statistical analysis, the first step was to create the
contingency table for the Chi-square test of independence. The two-by-two
contingency table was created in IBM SPSS. In the contingency table, screening
devices that did not incorporate skeletonization and AI was named 2018 Traditional
Screening Technology in the table; screening devices incorporated skeletonization
and AI was named 2019 Enhanced Screening Technology. For the second part of
the Chi-square test, Terminals A, and B represent the checkpoint screening devices
without skeletonization and AI incorporated. Terminal C represents the checkpoint
screening devices incorporating skeletonization and AI.
The expected frequencies were computed for each subgroup one by one
with the following equation:
𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑓𝑟𝑒𝑞. =

𝑡𝑜𝑡𝑎𝑙 𝑜𝑏𝑠. 𝑓𝑟𝑒𝑞. (𝑟𝑜𝑤) ∗ 𝑡𝑜𝑡𝑎𝑙 𝑜𝑏𝑠. 𝑓𝑟𝑒𝑞. (𝑐𝑜𝑙𝑢𝑚𝑛)
𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛

The calculated expected frequencies in each subgroup are listed
below:𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟 𝑑𝑒𝑛𝑖𝑒𝑑 2018 =

12,086∗12,550,392

𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟 𝑝𝑎𝑠𝑠𝑒𝑑 2018 =

25,351,304

= 5,983.3

25,339,218 ∗ 12,550,392
25,351,304

= 12,544,408.7
𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟 𝑑𝑒𝑛𝑖𝑒𝑑 2019 =
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12,086 ∗ 12,800,912
= 6102.7
25,351,304

𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑝𝑎𝑠𝑠𝑒𝑛𝑔𝑒𝑟 𝑝𝑎𝑠𝑠𝑒𝑑 2019 =

25,339,218 ∗ 12,800,912
25,351,304

= 12,794,809.3
Table 5: Contingency Table for Terminal C 2018 vs. 2019 (July to December)
Observed

2018
Traditional
Screening
Technology

2019
Enhanced
Screening
Technology

Total

Passenger Denied
Observed

4,743.0

7,343.0

12,086.0

Passenger Denied
Expected

5,983.3

6,102.7

12,086.0

Passenger Passed
Observed

12,545,649.0

12,793,569.0

25,339,218.0

Passenger Passed
Expected

12,544,408.7

12,794,809.3

25,339,218.0

Total Passenger
Observed

12,550,392.0

12,800,912.0

25,351,304.0

Total Passenger
Expected

12,550,392.0

12,800,912.0

25,351,304.0

As illustrated in Table 5, from the selected period, out of a total of
25,351,304 passengers, 4,743 passengers were denied in 2018, and with 7,343
passengers were denied in 2019.
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Table 6: Chi-square Test for Terminal C 2018 vs. 2019 (July to December)
Chi-Square Tests
Asymptotic
Value
Pearson Chi-Square
Continuity Correction
Likelihood Ratio

df

Exact Sig. (2-

Exact Sig. (1-

sided)

sided)

sided)

a

1

<.001

509.001

1

<.001

513.756

1

<.001

509.412
b

Significance (2-

Fisher's Exact Test
N of Valid Cases

<.001
25351304

a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 5983.28.
b. Computed only for a 2x2 table

The Chi-square test of independence for Terminal C of 2018 versus 2019
(July to December) was in Table 6 above. The test indicated that P-value (<.001)
was less than the significance level .05. The results rejected the null hypothesis.
Newark Airport Terminal C checkpoint screening devices that incorporate
skeletonization and AI (From July 2019 to December 2019) which have higher
detection rate in detecting absconders and contraband as compared to Terminal C
checkpoint screening devices without these technologies (From July 2018 to
December 2018), χ2 (1, N = 25,351,304) = 509.412, P < .001.
For the Chi-square test of independence between terminals the first step was
also to create a contingency table.
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<.001

Table 7: Contingency Table for Terminal A vs. Terminal C
Observed

Terminal A

Terminal C

Total

Passenger Denied
Observed

3,319.0

7,343.0

10,662.0

Passenger Denied
Expected

3,098.6

7,563.4

10,662.0

Passenger Passed
Observed

5,243,928.0

12,800,912.0

18,044,840.0

Passenger Passed
Expected

5,244,148.4

12,800,691.6

18,044,840.0

Total Passenger
Observed

5,247,247.0

12,808,255.0

18,055,502.0

Total Passenger
Expected

5,247,247.0

12,808,255.0

18,055,502.0

As illustrated from Table 7, from the selected period and terminals (A and
C, out of a total of 18,055,502 passengers, 10,662 passengers were denied in
terminal A and C between July 2019 to December 2019, and 18,044,840 passengers
were passed.
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Table 8 Chi-square for Terminal A vs. Terminal C (July 2019 to December
2019)
Chi-Square Tests
Asymptotic
Value
Pearson Chi-Square
Continuity Correction

df

Exact Sig. (2-

Exact Sig. (1-

sided)

sided)

sided)

22.120a

1

<.001

22.019

1

<.001

21.824

1

<.001

b

Likelihood Ratio
Fisher's Exact Test
N of Valid Cases

Significance (2-

<.001
18055502

a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 3098.57.
b. Computed only for a 2x2 table

The Chi-square test of independence for Terminal A versus Terminal C
(July 2019 to December 2019) was in Table 8 above. The test indicated that Pvalue (<.001) was less than the significance level .05. The results rejected the null
hypothesis. Newark Airport Terminal C checkpoint screening devices that
incorporate skeletonization and AI which have a different detection rate in
detecting absconders and contraband as compared to Terminal A checkpoint
screening devices without these technologies (From July 2019 to December 2019),
χ2 (1, N = 18,055,502) = 22.120, P < .001.
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<.001

Table 9: Contingency Table for Terminal B vs. Terminal C
Observed

Terminal B

Terminal C

Total

Passenger Denied
Observed

3,095.0

7,343.0

10,438.0

Passenger Denied
Expected

2,996.8

7,441.2

10,438.0

Passenger Passed
Observed

5,155,147.0

12,800,912.0

17,956,059.0

Passenger Passed
Expected

5,155,245.2

12,800,813.8

17,956,059.0

Total Passenger
Observed

5,158,242

12,808,255

17,966,497.0

Total Passenger
Expected

5,158,242.0

12,808,255.0

17,966,497.0

As illustrated from Table 9, from the selected period and terminals B and C,
out of a total of 17,966,497 passengers, 10,438 passengers were denied in terminal
A and C between July 2019 to December 2019, and 17,966,497 passengers were
passed.
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Table 10: Chi-square for Terminal B vs. Terminal C (July 2019 to December
2019)
Chi-Square Tests
Asymptotic
Value
Pearson Chi-Square
Continuity Correction

b

Likelihood Ratio

Significance (2-

Exact Sig. (2-

Exact Sig. (1-

sided)

sided)

sided)

df

4.518a

1

.034

4.472

1

.034

4.489

1

.034

Fisher's Exact Test
N of Valid Cases

.034
17966497

a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 2996.79.
b. Computed only for a 2x2 table

The Chi-square test of independence for Terminal B versus Terminal C
(July 2019 to December 2019) was in Table 10 above. The test indicated that Pvalue (= .034) was less than the significance level .05. The results rejected the null
hypothesis. Newark Airport Terminal C checkpoint screening devices that
incorporate skeletonization and AI which have a different detection rate in
detecting absconders and contraband as compared to Terminal B checkpoint
screening devices without these technologies (From July 2019 to December 2019),
χ2 (1, N = 17,966,497) = 4.463, P = .034 < .05.

4.4 Conclusion
This study analyzed the passengers screened at Newark Liberty
International Airport from 2018 to 2019. Various descriptive analysis, including
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.017

demographics and comparative analysis were used to offer any explanations for
these passenger changes in these two years. Chi-square test of independence
quantitative analysis was used to determine whether security screening devices that
incorporate skeletonization and AI have a different detection rate in detecting
absconders and contraband than traditional checkpoints without these technologies.
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Chapter 5
Discussion
5.1 Overview and Summary of Findings
The purpose of this paper was to investigate the problem as to whether
security screening devices that incorporate skeletonization and AI have a different
detection rate in detecting absconders and contraband than traditional checkpoints
without these technologies. The study analyzed monthly passengers screened at the
Newark Liberty International Airport checkpoints from 2018 to 2019. Due to the
COVID-19 pandemic, the data from January 2020 to December 2020 were
excluded.

Descriptive Statistics
Various descriptive analyses, including demographics and comparative
analysis, were collected during 2018 and 2019 and analyzed to determine
passengers’ patterns at the airport.
Table 1 in Chapter 4 showed that the percentage of business passengers
decreased while the percentage of leisure passengers slightly increased in 2019
(73.30%) compared to 2018 (73.40%). More screened passengers chose the airport
as their local origin or final destination in 2019 while connecting (transfer)
passengers decreased by 1 percent compared to the 2018 data. The proportion of
domestic passengers screened at the airport in 2019 (76.30%) was increased
compared to 2018 (75.30%) while the proportion of international passengers

51

screened at the airport decreased in 2019 (22.30%) compared to 2018 (22.67%).
Despite the minor changes in the proportion of passengers’ demographics, such as
gender, travel origin, and travel type, no significant differences were noted in the
data between 2018 and 2019 passengers who traveled through the airport. The
study suggested that a slight increment of total passengers traveled through the
airport in 2019 compared to the total passengers who traveled through the airport in
2018.
Table 2 in Chapter 4 showed that the airport had the least number of
passengers screened in February 2018 and the most in July 2018. In 2019, the
airport had the fewest passengers screened in February and the most passengers
screened in May. In both 2018 and 2019, February had the fewest passengers who
traveled through and the most during the summer. In 2018, the airport had the most
domestic passengers screened in May and the fewest in February. In 2019, the
airport had the most domestic passengers screened in December and the fewest in
February. In 2018, the airport had the most international passengers screened in
July and the fewest in February. In 2019, the airport had the most international
passengers screened in August and the fewest in February.

Passengers Traveled Through Each Terminal
The airport’s terminal C security checkpoint screened more passengers than
in terminals A and B in both 2018 and 2019. In 2018, 25,141,189 passengers
traveled through terminal C, and in 2019, 25,613,555 traveled through. An
increment of 472, 266 passengers traveled through terminal C in 2019 compared to
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2018. In addition, 25,131,414 passengers passed through the terminal C screening
checkpoint in 2018, and 25,599,137 passengers passed through in 2019. The study
suggested that an increment of 467,723 passengers passed through the terminal C
screening checkpoint in 2019 compared to 2018.
Terminal A had the second most passengers screened in both 2018 and
2019. In 2018, 11,074,955 passengers were screened at terminal A, and in 2019,
10,318,756 passengers were screened. The study suggested that a decrement of
670,814 passengers were screened at terminal A in 2019 compared to 2018. In
addition, 11,070,433 passengers passed through the terminal A screening
checkpoint in 2018, and 10,397,358 passengers passed through in 2019. The study
suggested that a decrement of 673,075 passengers passed through the terminal A
screening checkpoint in 2019 compared to 2018.
Terminal B screened the fewest passengers in both 2018 and 2019. In 2018,
9,849,031 passengers were screened at terminal B, and in 2019, 10,318,756
passengers were screened. The study suggested that an increment of 472,366
passengers were screened at terminal B in 2019 compared to 2018. In addition,
9,845,053 passengers passed through the terminal B screening checkpoint in 2018,
and 10,312,591 passengers passed through in 2019. The study suggested that an
increment of 467,723 passengers passed through the terminal A screening
checkpoint in 2019 compared to 2018.
The study suggested that more passengers were screened at terminals B and
C in 2019 compared to 2018, terminal A had fewer passengers screened in 2019
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compared to 2018. Terminals B and C also had an increment of passengers passed
the screening checkpoint in 2019 compared to 2018, terminal A had a decrement of
passengers passed the screening checkpoint in 2019 compared to 2018. No data
could be found of explaining the decrement of passengers passed the terminal A
screening checkpoint in 2019 compared to 2018. One possible reason was that
terminal A had a decrement of passengers traveled in 2019, and that could cause
fewer passengers passed the terminal A screening checkpoint. One limitation
mentioned by the Port Authority of New York and New Jersey (PANYNJ) in Table
3 indicated that passengers (especially transferring passengers) might have possibly
traveled through multiple terminals during their trips, resulting in inaccurate data.
Moreover, 4,522 passengers were denied at the terminal A screening
checkpoint in 2018, and 6,783 passengers were denied in 2019. An increment of
2,261 passengers were denied at the terminal A screening checkpoint in 2019
compared to 2018. In addition, 3,978 passengers were denied at the terminal B
screening checkpoint in 2018, and 6,165 passengers were denied in 2019. An
increment of 2,187 passengers were denied at the terminal B screening checkpoint
in 2019 compared to 2018. What is more, 9,775 passengers were denied at the
terminal C screening checkpoint in 2018, and 14,418 passengers were denied in
2019. An increment of 4,643 passengers were denied at the terminal C screening
checkpoint in 2019 compared to 2018. All three terminals had increments of
passengers denied in 2019 compared to 2018. However, an increment of passengers
traveled through terminals B and C in 2019, and a decrement of passengers traveled
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through terminal A in 2019. Current available data do not indicate that the terminal
C screening checkpoints incorporate skeletonization and AI more effectively than
the terminals A and B screening checkpoints without these technologies. Additional
data is needed to analyze the effectiveness of the screening checkpoints that
incorporate skeletonization and AI.

Screening Passengers: Old versus New Technology
From July 2018 through December 2018, terminal C screening checkpoints
without skeletonization and AI detected 4,743 contraband and absconders (deny
rate = .0373%). From July 2019 through December 2019, terminal C screening
checkpoints with skeletonization and AI detected 7,343 contraband and absconders
(deny rate = .0574%). The study suggested that the terminal C screening
checkpoints that incorporate skeletonization and AI detected more contraband and
absconders than the screening checkpoints without these technologies.
From July 2019 through December 2019, terminal A screening checkpoints
without skeletonization and AI detected 3,319 contraband and absconders (deny
rate = .0633%); terminal B screening checkpoints without skeletonization and AI
detected 3,095 contraband and absconders (deny rate = .0600%). The study
suggested that from July 2019 through December 2019, terminal C screening
checkpoints with skeletonization and AI detected more contraband and absconders
than terminals A and B screening checkpoints without these technologies.
However, the deny rate of terminals A and B was higher than terminal C, additional
data is needed to explain why terminals A and B screening checkpoint devices
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without skeletonization and AI had higher deny rate compared to terminal C
screening checkpoint devices that incorporate skeletonization and AI.

Inferential Statistics
Chi-square test of independence analyses were used to determine the
statistically significant difference of the checkpoint screening devices equipped
with skeletonization and AI on detecting absconders and contraband compared to
traditional checkpoint screening devices. For the terminal C’s comparison between
July to December 2018 and July to December 2019, the Chi-square test indicated
that a P-value of (<.001) was significant since it was less than the significance level
of .05. For the comparison between terminals A and C between July 2019 and
December 2019, the Chi-square test indicated that a P-value of (<.001) was
significant since it was less than the significance level of .05. For the comparison
between terminal B and C between July 2019 and December 2019, the Chi-square
test indicated that a P-value of (.034) was significant since it was less than the
significance level of .05. The results rejected the null hypothesis that airport
checkpoint screening devices that incorporate skeletonization and AI have the same
detection rate in detecting absconders and contraband compared to traditional
checkpoint screening devices without these technologies.
However, from July 2019 through December 2019, terminals A and B
screening checkpoints without skeletonization and AI had higher deny rates than
terminal C screening checkpoint that incorporate skeletonization and AI, but with
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the current data, the difference in rate could not indicate that the checkpoint
screening devices with skeletonization and AI are more effective.

5.2 Discussion of Findings and Conclusions
The results provided by the descriptive statistics showed that the airport had
an insignificant increase of the passengers who traveled through in 2019 compared
to 2018. More contraband and absconders were detected in 2019 compared to 2018.
Terminal C screening checkpoints that incorporate skeletonization and AI detected
more absconders and contraband compared to terminals A and B screening
checkpoints without these technologies. However, terminal C screening
checkpoints had lower deny rates than terminals A and B. The results provided by
the Chi-square test were significant and rejected the null hypothesis. The study
suggested that airport checkpoint screening devices that incorporate skeletonization
and AI have a different detection rate in detecting absconders and contraband
compared to the traditional checkpoint screening devices without these
technologies.
Possibly, issues with the skeletonization and AI devices caused the deny
rates to be lower than traditional screening devices. In the studies that previously
mentioned in the literature review section, all skeletonization and AI experiment
were conducted in a closed area. Terminal’s screening checkpoint is an open area,
and that could be a reason that caused the devices less sensitive. In addition, the
data did not indicate if any differences were found between each terminal other
than in the checkpoint screening devices. More detailed information about each
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terminal’s screening checkpoint is needed. Moreover, the data did not include the
rate of misses and false alarms made by the screening checkpoints. Additional data
is needed to analyze the accuracy of detecting contraband and absconders and to
have a better understanding of the effectiveness of skeletonization and AI. Finally,
passengers traveling through terminal C would need to pass through both
traditional and enhanced screening devices, but the current data did not indicate
whether passengers were denied by either traditional or enhanced screening
devices. Additional data and research are needed to have a better understanding of
the effectiveness of skeletonization and AI.

5.3 Recommendation for Future Research
Several opportunities are available for future research. The study only
focused on security screening devices that incorporate skeletonization and AI. For
future studies, the impacts in the advancement of new technologies should be taken
into consideration, and devices with differently programmed algorithms and
hardware architectures should be compared.
As defined in Section 1.6, this study was limited to one airport (Newark
Liberty International Airport), which implemented skeletonization and AI into its
airport checkpoint screening devices. Future research should focus on other air
carrier airports in the United States and internationally.
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Future study should focus on demographical data and additional data about
the miss rate and false alarm rate to have a better understanding of the effectiveness
of skeletonization and AI.
Finally, future research should also focus on other public transportation
facilities, such as railway stations, and maritime ports, and transport hubs which
incorporate passenger screening facilities.
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